Abstract. Three-dimensional (3-D) imaging has been intensively studied in the past few decades. Depth information is an important added value of 3-D systems over two-dimensional systems. Special focuses were devoted to the development of stereo matching methods for the generation of disparity maps (i.e., depth information within a 3-D scene). Dedicated frameworks were designed to evaluate and rank the performance of different stereo matching methods but never considering x-ray medical images. Yet, 3-D x-ray acquisition systems and 3-D medical displays have already been introduced into the diagnostic market. To access the depth information within x-ray stereoscopic images, computing accurate disparity maps is essential. We aimed at developing a framework dedicated to x-ray stereoscopic breast images used to evaluate and rank several stereo matching methods. A multiresolution pyramid optimization approach was integrated to the framework to increase the accuracy and the efficiency of the stereo matching techniques. Finally, a metric was designed to score the results of the stereo matching compared with the ground truth. Eight methods were evaluated and four of them [locally scaled sum of absolute differences (LSAD), zero mean sum of absolute differences, zero mean sum of squared differences, and locally scaled mean sum of squared differences] appeared to perform equally good with an average error score of 0.04 (0 is the perfect matching). LSAD was selected for generating the disparity maps.
Introduction

Three-Dimensional in Breast Screening
The benefit of using three-dimensional (3-D) over two-dimensional (2-D) images is the added depth information. With stereomammography, the depth information is provided by stereoscopic viewing of two 2-D mammograms, acquired at two different angles (typically separated by 4 deg), on a 3-D display such that each eye receives only one of the two mammograms. The fusion into the brain of these two slightly angularly separated mammograms (i.e., stereomammograms) generates a 3-D representation of the breast.
Depth information from stereoscopic viewing should offer to radiologists a more realistic spatial orientation and a better understanding of tissue distributions and volume shapes. In fact, 3-D x-ray imaging could improve breast cancer diagnosis. Some previous work has shown a potential clinical benefit of a 3-D full imaging system (i.e., stereomammography) over with typical digital 2-D x-ray systems. 1 In 2008, Getty et al. 1 compared a 3-D full imaging system consisting of a stereoscopic x-ray imaging system with a passive stereoscopic medical display system and a typical digital 2-D x-ray system consisting of a digital x-ray detector and a medical display system. A total of 1458 cases were used. The 3-D full imaging system reduced false positive lesion detection by 46% (p < 0.0001), and significantly increased true positive lesion detection by 23% (p < 0.05). A similar study handled by the same group was published in 2013 with 1298 cases. 2 The 3-D system significantly improved false positive fraction with a specificity of 91.2% for the 3-D system and 87.8% rate for the 2-D system. "We found that the stereoscopic technique could significantly decrease the need for calling women back for additional exams," Dr. D'Orsi said. However, unlike surgeons, radiologists are still not familiar with 3-D display imaging systems for diagnostic purposes and are not convinced by the added or clinical value of the depth information. By instance, for breast cancer screening, the current standard is 2-D digital mammography 3, 4 even if 3-D x-ray acquisition systems and 3-D medical displays have already been introduced into the market.
Stereo Matching Evaluation
In past decades, computer-aided detection (CAD) systems dedicated to breast screening have been developed to assist radiologists in making more accurate diagnosis. CAD tools have been demonstrated to increase the detection of true positive breast cancers. 7, [10] [11] [12] Typically, CAD systems (1) process the mammograms to extract features from regions of interest (e.g., suspicious areas) and (2) display markers to highlight these regions. Current CAD systems are not suitable with stereomammography since they are not designed to compute and account for depth information.
This depth information can be retrieved by knowing both the disparity (i.e., the difference in location) between corresponding points in the two stereoscopic images and the acquisition geometry. A dense disparity map is a 2-D image containing the different disparities between all the stereo matched points of the stereoscopic images. If the imaging acquisition system has a particular epipolar geometry, called coplanar, where both left and right matching pixels are on the same row or line in each image of the stereo pair, then only one vector information (with its origin point and its norm) is needed for generating the disparity map. The vector corresponds to the vector between the matched points in the left and in the right images. Consequently, to produce the disparity map, the norm of this vector, combined to its direction (i.e., either a positive or a negative sign in front of the norm since the images are epipolars), should be saved at the pixel position corresponding to the origin position of the vector. Otherwise, either both the origin point and the end point of the vector or the origin point, the norm, and the angle (or the direction) should be saved.
To compute such disparity maps, stereo matching techniques have to be developed for matching the points of the stereoscopic images. Despite stereo matching techniques having been studied for many years in photography, 13 limited efforts have been devoted to the stereo matching of stereoscopic medical, 14 and especially breast, x-ray images. 7, 15 This is partly due to the complexity of x-ray breast images, to the limited number of available stereomammography systems in the world, and therefore to the limited access to real stereomammograms by research groups. Indeed, to the authors knowledge, most research groups have been working on either phantom-based images or images acquired with tomosynthesis. 7, 15 Therefore, more studies have to be done to develop stereo matching algorithms regarding stereomammograms.
Furthermore, it would be very valuable to not only develop stereo matching algorithms for stereomammography, but also to develop stereo matching algorithms applicable to both 3-D modalities (i.e., tomosynthesis and stereomammography) to generate interoperable CAD systems.
To assess the efficiency of stereo matching methods, evaluation frameworks can be used. Several evaluation frameworks for comparing stereo matching methods exist. A well-known one is the Middlebury framework 13 including a large dataset of stereo pairs with their ground truth disparity maps. Several stereo matching and disparity map generation methods are available. The complete framework can be downloaded from the Internet. 16 Unfortunately, in all cases, the images are photography images and the ground truth of the disparity maps is a simple collection of segmented planes, meaning that the 3-D scene simply includes a set of different planes, i.e., is made of piecewise smooth areas. Other frameworks do exist but have similar limitations. For breast images, having only a set of planes is out of scope. Therefore, a dedicated framework must be developed for x-ray breast images.
In this article, we aim at generating a framework used to assess and rank stereo matching methods, when both phantom-based tomosynthesis breast x-ray images and stereomammograms are considered. Our final goal is to (1) extract the depth information from stereoscopic images and (2) to develop new visualization techniques, e.g., to measure the depth and the radius of a tumor within the breast, to detect microcalcifications and to develop CAD systems. Therefore, the stereo matching framework is also designed to generate a dense disparity map from a given stereo matching method.
Section 2 describes the specificities of x-ray breast images and why a dedicated framework has to be developed. The stereo matching methods included in the framework are defined in Sec. 3. Section 4 presents the definition and the development of an automatic C++ evaluation framework with different parts. The first part deals with the description of the dataset that has been selected and used for the evaluation. The second part focuses on the explanation of the ground truth that we elaborated for evaluating the performance of the framework including a dedicated tool for generating the ground truth. Finally, the optimization and the implementation of the selected matching methods, their tuning parameters, and finally the metric definition for evaluating the performance of the stereo matching techniques are described. Results of the evaluation are given in Sec. 5 and discussed in Sec. 6.
Challenges with X-Ray Breast Images
A mammogram is a simple breast radiography for which the breast has been compressed between two plates (Fig. 1) . Therefore, the thickness or the depth of the breast is limited (a few centimeters). It is very important to compress the breast to spread the tissue apart and therefore to allow the maximum amount of tissue to be imaged and to reduce radiation dose. The breast size and compressed volume are important parameters as Fig. 1 Illustration of the geometry of the acquisition system. The two stereo images are obtained by performing acquisition 1 and acquisition 2, respectively. Angle α is between the two acquisitions 1 and 2. Thickness corresponds to the distance between the detector and the plate used to hold the three-dimensional (3-D) object under measurement (e.g., the breast), i.e., the thickness of the measured 3-D object. MaxDisp is the largest distance in pixels between two corresponding points in the stereo pair.
well as the breast density. The compression of the breast limits the depth of the breast and therefore the 3-D information. In stereomammography, two 2-D mammograms are acquired at two different angles (typically separated by 4 deg), as illustrated in Fig. 1 .
The intensity values in a 2-D x-ray image are proportional to the x-rays transmitted to the object which is being imaged. Changing the image acquisition angle results in a different projection, due to the difference in the object interior along the x-ray path. The situation is different for photography, in which changing the acquisition angle only results in a different region at the object surface which is seen by the camera. In fact, in radiography, images taken at different angles may differ even when the regions of the object surface stay the same, since the projections are generated by the superposition of the x-ray attenuation through different portions of the object interior. These differences between the projections increase with the increasing angle between two acquisitions. Therefore, if this angle remains small, the differences are likely to be limited (but still exist), and some of the state-of-the-art stereo matching methods designed for photography (e.g., local methods, see Sec. 3) may also work for radiography.
Finally, x-ray breast images characterized by tissue density are made of a combination of different structures (e.g., fibroglandular tissue, fat tissue) and can vary significantly between individuals resulting in a challenge for matching points between pairs of such images. These are big challenges that the x-ray stereo matching techniques must handle.
Another challenge is the resolution in terms of pixels. An x-ray detector can include more than 10 million pixels making the implementation and the time to process such high-resolution images challenging.
Assessed Stereo Matching Methods
Local, global, and hybrid stereo matching methods have already been studied for many years. Local methods are used for dense disparity extraction. A window (also named kernel) is calculated from the left image where the centered pixel is the pixel to be matched with a pixel of the right image. A window in the right image is also calculated and moved over the image to compute the matching cost with the left window. Matching costs or correlation scores are used to estimate the best matching window between the left and the right images. These techniques use pixel intensity as attribute. For cost calculation, the smallest cost means the best candidate. For correlation, the highest score means the best candidate.
The following local stereo matching methods have been selected for evaluation with our framework since they are the state-of-the-art of stereo matching techniques for photography and may work for matching stereomammograms. These techniques have been used successfully for different applications in photography such as in industrial context. They are all based on convolution and result in a disparity map made of a disparity value dispðx; yÞ as pixel information. With dispðx; yÞ defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ; 1 5 7 dispðx; yÞ ¼ argmax½C x 0 ;y 0 ðdispÞ;
where C is the correlation function assigning to each pixel position a correlation score between the pixel (x; y) in the left stereo image and each pixel (x 0 ; y 0 ) within the search window disp in the right stereo image. The maximal value means the position of the best candidate within the evaluated window is returned, and the difference in location between the left and the right stereo matched points is provided to the pixel (x; y) of the disparity map. For cost calculation, the function C assigns a cost to each pixel position and therefore each disparity value dispðx; yÞ is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 3 2 6 ; 6 9 7 dispðx; yÞ ¼ argmin½C x 0 ;y 0 ðdispÞ:
The local stereo matching methods included in the framework are:
1. Metrics based on absolute differences:
• Sum of absolute differences (SAD) [17] [18] [19] • Zero mean sum of absolute differences (ZSAD) 18, 19 • Locally scaled sum of absolute differences (LSAD) 19, 20 2. Metrics based on squared differences:
• Sum of squared differences (SSD) 18, 19, 21 • Zero mean sum of squared differences (ZSSD) 18, 19 • Locally scaled mean sum of squared differences (LSSD) 19 
Metrics based on cross correlation:
• Normalized cross correlation (NCC) [18] [19] [20] 22 • Zero mean normalized cross correlation (ZNCC) 18, 19 Additionally, several global methods exist. They use several mathematical models or theories such as Markov random field or graph theory. In order to decrease the searching difficulty, global methods only use a one-dimensional search. In order to test one of the global methods, the loopy belief propagation (LBP) 23 has been selected, but knowing upfront that this technique may not fit the needs and constraints with breast x-ray images that were explained previously. There are also many hybrid methods 24, 25 that use other information than the intensity of the pixels or are based on Euler-Lagrange theory 26 by instance. These methods were not selected due to the aforementioned needs and constraints of breast x-ray stereoscopic images.
Evaluation Framework
Dataset
In order to test and select the most robust stereo matching method, a variety of breast datasets have been selected.
Real dataset
In total, 80 real 2-D stereoscopic x-ray mediolateral oblique (MLO) and craniocaudal (CC) images from 20 patients are available. From which, 40 pairs of stereoscopic breast images can be used.
The stereomammography acquisition system used in this study represents the state-of-the-art, 5 i.e., the two mammograms are acquired at two different angles separated by 4 deg. Additionally, to not have the total dose exceeding the maximum authorized radiation dose, one of the two mammograms is acquired with less dose, and therefore comprises more noise than the other mammogram (see Fig. 2 ). Acquiring the two stereomammograms with two different radiation doses is viable since the human brain can properly reconstruct the 3-D, although the stereo images comprise different levels of noise. 
Semivirtual dataset
The second set is a semivirtual set, i.e., a breast phantom (not simulated) was used in combination with a real image acquisition system. The acquisition system is the same as for the real dataset with a separation angle of 4 deg between the two stereomammograms. For the breast under study, the phantom is not real, so two full radiation doses are applied. Images are less noisy and therefore have a better image quality. Four 2-D stereoscopic x-ray MLO and CC images acquired from the same phantom are available, from which two pairs of stereoscopic images can be extracted. Cropped versions of the images of the semivirtual dataset are illustrated in Fig. 3 .
Virtual dataset
The virtual dataset was generated using the virtual clinical trials platform developed at the University of Pennsylvania. 27, 28 Both the breast, or the phantom, and the image acquisition system are simulated. The dataset is a simulation of DBT based on a virtual anthropomorphic phantom. The images correspond to the DBT's projections. The angle between two consecutive projections is equal to 2.67 deg. From the set of DBT's projections, several stereoscopic pairs can be generated (see Fig. 4 ). Twenty-six projections from two simulations are available. Three projections emphasizing the generation of disparity with the camera movement are given in Fig. 5 . The two sets comprise 15 projections. From these two sets, several combinations of stereo pairs with different angles of separation, i.e., with an angle of 2.67 deg or a multiple of 2.67 deg, can be generated.
The stereo matching methods will be evaluated with the quality of correct matching of pixels or points between the left and right images. Therefore, in order to evaluate the correct matches, a ground truth with known matching points is required.
Ground Truth
The ground truth corresponds to the matching points between the reference image (e.g., the left image) and the compared one (e.g., the right image). There are several ways for generating a ground truth: fully automatic, semiautomatic, or manual. A dedicated interface has been developed in Qt for opening, zooming, and panning a pair of images and also generating the ground truth in two modes: manual and semiautomatic. In the manual mode, called "sharp points," the user selects points, for which he or she easily finds a correspondence more or less in the other image. A corresponding cross with a number is displayed on both images. The user can move the cross and place it at the correct position.
In the semiautomatic mode, called "linear grid," a linear grid of crosses is drawn automatically with a given step size on the reference image and on the compared one. The user can move the points in the same way as in the manual mode for generating the ground truth.
Attention has been made in order to facilitate the use of the software and to bring about a nice user experience.
Figures 6 and 7 show screenshots of the ground truth interface. Figure 6 (a) is a screenshot of the interface when a pair of images is opened. Figure 6 (b) is a screenshot of the interface in manual mode. Figure 7 (a) is a screenshot of the interface in semiautomatic mode. Figure 7 (b) is a screenshot of the interface zoomed in. The green crosses correspond to the reference points (e.g., in the left image) and the red crosses correspond to the points in the other image (e.g., the right image).
A dedicated binary format has been defined for saving the ground truth with a dedicated data structure including the image width and height, number of matched points, and vectorial information between matched points. 27, 28 The projections correspond to the x-ray tube positions during the acquisition of tomosynthesis projections: (a) leftmost, (b) central, and (c) rightmost. To highlight the camera movement versus the generated disparity, a point present in the three projections is marked with a cross. Fig. 6 Several functionalities of the ground truth interface: (a) files opening, and (b) manual mode with sharp points; images obtained with the breast phantom simulation from the University of Pennsylvania. 27, 28 The green crosses correspond to the reference points (e.g., in the left image) and the red crosses correspond to the points in the other image (e.g., the right image).
Stereo Matching C++ Framework and Its Optimization
The stereo matching framework, illustrated in Fig. 8 , was developed to implement stereo matching methods and produces a result being either a file comprising the matching results for a limited number of points or a disparity map. The main purpose of the framework is to find for each pixel of the reference (left) image a corresponding pixel in the test (right) image. Occlusions are handled by the framework. The dense stereo matching framework is the part of the main framework used to compute a dense disparity map. In a dense disparity map, all pixels from the image are evaluated (dense disparity map extracted). The sparse stereo matching framework is used to compute and to evaluate sparse stereo matched points. In sparse stereo matching, only the points with the same coordinates as the points of the ground truth file are evaluated.
Design
"Design pattern" methodology is a prerequisite for any oriented programming languages. In combination with classical unified modeling language representation, design pattern is used for establishing an optimized C++ design answering to the constraints and the needs of this framework. The images are large and convolution is necessary for most of the stereo matching methods. A factory (MethodsFactory) has been used to automatically substantiate the stereo matching methods to test. A dedicated data structure has been developed for organizing and saving the ground truth data.
Multiresolution optimization
The multiscale image optimization, or pyramid, is used to be more accurate and more efficient in our matching search. In Fig. 7 Several functionalities of the ground truth interface: (a) semiautomatic mode with a linear grid of points and (b) zoomed in; images obtained with the breast phantom simulation from the University of Pennsylvania. 27, 28 The green crosses correspond to the reference points (e.g., in the left image) and the red crosses correspond to the points in the other image (e.g., the right image). order to create the image pyramid, each level size is divided by 2 [cf. Fig. 9(a) ]. To create the image, pixels are interpolated by using triangular interpolation because it is a very fast and efficient method [cf. Fig. 9(b) ]. This optimization helps the algorithm by limiting the research zone.
The maximum disparity is the largest possible distance in pixels between two corresponding points in the stereo pair. The maximum disparity [MaxDisp in Eq. (3) and Fig. 1 ] is computed accounting for the geometry of the acquisition system, i.e., the angle of acquisition [α in Eq. (3) and Fig. 1 ] between the two stereo images, the size of a pixel of the detector [PixSize in Eq. (3)], and the thickness of the object under study [Thickness in Eq. (3) and Fig. 1 ].
The maximum disparity is recalculated for the top level in order to search in the desired area. To be as accurate as possible, the window size is increased by two pixels in all directions. This window size increase is a margin precaution called tolerance zone. The process for finding a point from the top pyramid level (low-resolution image) to the bottom level (high-resolution image) is not trivial. The position of the reference point is found at low resolution [with Eq. (4)] and defines the center of the searching zone in the right position in the pyramid. The algorithm will find a point [ Fig. 9(b) ] and go to the next level (Current level − 1). Due to the interpolation, several pixels are candidates in the new level (at least four). The tolerance zone is drawn in yellow in Fig. 9(b) . The new searching block includes both the four candidates and the tolerance zone. Then, in this new zone the algorithm will proceed the same as for the first level, and will return a point. Therefore, this process will return a point at high resolution correlated to the preceding found points. If a bad match is made on the top level, the error will be reflected on each level. The tolerance zone was created to avoid that the correct target point is excluded from the searching zone.
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ; 1 0 8 MaxDisp ¼
Thickness tan
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 3 2 6 ; 4 7 0
If several candidates are found for the same reference point, then none of them is selected and this results in an occlusion point.
Input and output
At the first input the stereo matching evaluation framework (Fig. 8) needs an .ini file with a list of the methods to test with their parameter values such as the kernel size, the maximum disparity, and the number of pyramid levels. The second input is also an .ini file containing the full path of the reference image, the compared image, and the ground truth file. Each line represents a stereoscopic pair to process. The matching points are then saved in the same format as the ground truth format described in Sec. 4.2. The evaluation can be executed for comparing the ground truth to the outcome of a stereo matching technique based on a metric.
Metric
To compare the stereo matched point (pRes in Fig. 10 ) returned by the different matching methods to the ground truth stereo matched point (pGT in Fig. 10 ) a dedicated metric was designed. This metric, depicted in Eq. (8) , aims at scoring the distance between pRes and pGT. The larger the score, the larger the distance between pGT and pResult and the larger the difference. The reference point in the left image is defined as pRef.
The metric comprises two components:
• A score [Norm Error in Fig. 10(a) pErrMax is the point the furthest from pGT in the searching stereo matching point area, i.e., the zone centered on the reference point (pRef) and delimited by the maximum disparity (Fig. 10 ).
• A score [Angle Error in Eq. (7)] assessing the angular deviation [angle in Fig. 10(b) and Eqs. (6) and (7)] between the two vectors vRefRes ! and vRefGT !
[Eqs. (6) and (7)] normalized by the maximum deviation, i.e., 180. Angle Error is used to evaluate whether pRes is found along a direction close to the direction of pGT, i.e., whether pRes follows the direction of the movement of the x-ray system. An angle of 180 deg means that pRes is found along the opposite direction of pGT (which corresponds to the worst stereo matching case).
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 6 3 ; 3 5 0 Norm Error ¼
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 6 3 ; 2 9 7
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 6 3 ; 2 5 0 Angle Error ¼ Angle 180 :
Finally, the metric is the weighted sum of Norm Error and Angle Error as described in Eq. (8) with w n and w a the weights applied to Norm Error and Angle Error , respectively. E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 6 3 ; 1 7 8 Weighted Error ¼ w a · Angle Error þ w n · Norm Error w a þ w n :
To properly select w n and w a , several stereo matched points were compared to a single ground truth point. Twelve right points have been defined at several pixel distances and several angle values from the correct right point in order to evaluate which weights gave the best results of the metric. These twelve right points have been compared to the ground truth point regarding four different left points covering four quadrants of 90 deg in order to reflect which attribute is the most important: the angle or the distance. All these point combinations have been tested with different combination values of w n and w a (w n from 0 to 1 and w a from 1 to 0). As the evaluated right points were known, the ranking from the best match to the worst match was known as well. The norm weight should be more important than the angle weight. Nevertheless, the angle weight should still penalize points that are not in the direction of the movement of the x-ray system from the left image to the right image. The weights combination returning the best ranking compared to the known ranking was w n ¼ 0.7 and w a ¼ 0.3.
The metric was mainly used to rate stereo matched points at the level 0 of the pyramid.
Results
Local Stereo Matching Methods Comparison
To compare the eight local stereo matching methods enumerated in Sec. 1, the error score returned by the metric is computed for all the individual stereo matched points at level 0 (i.e., high resolution) of the same input image type. For all assessed stereo matching methods, the standard deviation, as well as the mean, the maximum, and the minimum of the error scores (computed over 130 points on average per image type) are calculated per image type (i.e., real, semivirtual, and virtual image types). Additionally, a principal component analysis (PCA) 29 is conducted to sort out the different methods. The standard deviation, as well as the mean, the maximum, and the minimum of all the error scores computed over the three aforementioned image types (depicted in Table 1 ) are given as variables to the PCA. The GroundTruth point was added to the PCA as a method whose variables were all set to 0. Figure 11 is a map representing the directions along which the different methods vary as well as their spread for the two first components. Results of the PCA suggest that ZNCC and NSSD methods (numbers 8 and 9, respectively, in both Table 1 and Fig. 11 ; the number 1 corresponds to the GroundTruth) are two outliers and perform worse than the other stereo matching methods, with error scores of 0.149 and 0.345 on average. All the other methods appear to perform equally good although the LSAD method (number 6 in both Table 1 and Fig. 11) is the closest to the GroundTruth point (number 1 in Fig. 11 ) with an error score of 0.038 on average.
A PCA is also carried out for each image type to compare stereo matching performance between the three different datasets. As depicted in Figs. 12 through 14 for the real, semivirtual, and virtual datasets, respectively, ZNCC and NSSD methods perform the worst, and thus should not be selected to search for stereo matching points in stereoscopic breast Fig. 11 Plot of the spread of the evaluated stereo matching methods for the first two components of the principal component analysis. Numbers represent the different stereo matching methods as given in Table 1 . The number 1 corresponds to the GroundTruth, i.e., an average mean, average standard deviation, average minimum, and average maximum error score set to 0. Fig. 12 Plot of the spread of the evaluated stereo matching methods for real image type for the first two components of the principal component analysis. Numbers represent the different stereo matching methods as given in Table 1 . The number 1 corresponds to the GroundTruth, i.e., a mean, a standard deviation, a minimum, and a maximum error score set to 0. Fig. 13 Plot of the spread of the evaluated stereo matching methods for semivirtual image type for the first two components of the principal component analysis. Numbers represent the different stereo matching methods as given in Table 1 . The number 1 corresponds to the GroundTruth, i.e., a mean, a standard deviation, a minimum, and a maximum error score set to 0. Table 1 Mean, standard deviation, minimum, and maximum of all the error scores computed over the three different image types at level 0 of the pyramid (i.e., high resolution). The mean, standard deviation, minimum, and maximum are calculated for eight different local stereo matching methods and two parameters, i.e., a 13 × 13 convolution kernel and a maximum disparity of 60. x-ray images. LSAD, ZSAD, LSSD, and ZSSD methods all appear to be good candidates for all three image types with the two tested angles of acquisition (i.e., 2.67 deg and 4 deg), as illustrated in Table 2 . Nevertheless, scores given in Table 2 suggest that LSSD, ZSSD, and LSAD are the most appropriate stereo matching methods regarding the real, semivirtual, and virtual datasets, respectively. Finally, the four stereo matching techniques considered in Table 2 are more efficient regarding the semivirtual dataset than the real dataset. Since they were acquired with two full radiation doses, the semivirtual stereomammograms (Fig. 3) are less noisy than the real stereomammograms (Fig. 2) , hence the increase of the stereo matching efficiency.
Since LSAD is the stereo matching method, the closest (i.e., with the smallest error) to the GroundTruth for the three datasets taken together (Fig. 11) , we generated several disparity maps for the three different image types using the LSAD method (with a 13 × 13 convolution kernel and a pyramid with seven levels). Occlusions are reference points for which not a single candidate has been found. The number of occlusions was always less than 0.1% of the total number of pixels. This means that for one reference point, the stereo matching method almost always finds one single candidate (note that the correctness of the stereo matching is not accounted for). When occlusions are found, the returned disparity is set to a default value and thus should be considered as a hole to be filled by some postprocessing.
An example of a disparity map generated with the LSAD method applied on left and right stereo x-ray breast images extracted from the virtual dataset is given in Fig. 15 . The disparity map was produced using a convolution kernel of 13 × 13 pixels and seven pyramid levels.
Multiresolution Optimization
As described in Sec. 4.3.2, the multiscale image optimization is used to have a matching search more accurate and more efficient. Indeed, instead of searching in a large square zone whose width is the max disparity (i.e., 120 pixels), the multiresolution optimization focuses the search in a much limited zone (19 × 19 pixels at the lowest resolution and 6 × 6 pixels at the other levels). Decreasing the size of the searching zone increases the efficiency by at least a factor eight, but also reduces the number of candidates and thus increases the accuracy. As depicted in Table 3 , for each image type (real, semivirtual, and virtual) the mean error score has been improved by about 70% for the virtual images and by more than 90% for the real and semivirtual images by using the multiscale image optimization compared with the results of the stereo matching computation performed without the aforementioned optimization.
Nevertheless, the multiresolution optimization has the drawback to generate "out of the range" disparities, i.e., disparity values larger than the maximum disparity (MaxDisp in Fig. 1) , by instance larger than 60 pixels. Since the searching zone includes the four candidates plus the tolerance zone if the candidate point is always a point at the same edge of the searching zone (i.e., belonging to the tolerance zone) for all levels of the pyramid, then the matching point at level 0 can be separated from the reference point by a distance larger than the maximum disparity. Table 1 . The number 1 corresponds to the GroundTruth, i.e., a mean, a standard deviation, a minimum, and a maximum error score set to 0. Table 2 Mean, standard deviation, minimum, and maximum of all the error scores computed for the three different datasets at level 0 of the pyramid (i.e., high resolution). The mean, standard deviation, minimum, and maximum are calculated for zero mean sum of absolute differences (ZSAD), zero mean sum of squared differences (ZSSD), locally scaled sum of absolute differences (LSAD), locally scaled mean sum of squared differences (LSSD; i.e., the best four), local stereo matching methods, and two parameters, i.e., a 13 × 13 convolution kernel and a maximum disparity of 60. Therefore, the multiresolution optimization can produce wrong disparities, i.e., errors. Several disparity maps were produced for the three different image types using the LSAD method, a 13 × 13 convolution kernel and a pyramid with seven levels. Points with disparities out of range are spread over the disparity map. Figure 16 is a zoom of a disparity map of a pair of stereo x-ray breast images of the virtual dataset with highlighted out-of-range disparities. The number of points with disparities out of range was always less than 0.1% of the total number of pixels. Therefore, we consider the errors generated by the pyramid as being negligible. When such points are found, the returned disparity is set to a default value and thus should be considered as a hole to be filled by some postprocessing.
Finally, the multiresolution optimization is used to generate dense disparity maps from stereo x-ray breast images made of more than 16.5 million pixels. The C++ framework is optimized but other optimizations such the parallelization can be added to speed up the processing.
Local Versus Global Stereo Matching Methods
The LBP global method is compared with the eight aforementioned local methods. Due to constraints inherent to the LBP implementation, the global method is applied to the three types of images but at a resolution lower than the resolution of origin. Consequently, for the eight local methods, the mean, standard deviation, minimum, and maximum of all the error scores were computed over the three different image types at level 3 of the pyramid. Results depicted in Table 4 suggest that although the LBP method performs better than the ZNCC and the NSSD local methods, the LBP method still has a matching error much larger (i.e., 13%) than the best error values (e.g., 4.75% of matching errors for the LSAD method). Therefore, the LBP global method can be excluded. Table 3 Mean, standard deviation, minimum, and maximum of the error scores computed for the LSAD stereo matching method over 130 points on average per image type for the three different image types (i.e., real, semivirtual, and virtual) at level 0 of the pyramid (i.e., high resolution). The mean, the standard deviation, the minimum and the maximum are calculated for two different numbers of levels of the pyramid and two parameters, i.e., a 13 × 13 convolution kernel and a maximum disparity of 60. The abbreviation no pyr designates a stereo matching computation carried out with only one level, i.e., at the original image resolution. The abbreviation pyr denotes a computation performed with a multiscale pyramid comprising seven levels. 
Discussion
Although LSAD based stereo matching method appears to be a good candidate for stereoscopic breast x-ray images with an error score of 0.038 on average, other methods such as ZSAD, ZSSD, and LSSD perform approximately the same with an error score of 0.04 on average for the three different image types (i.e., real, semivirtual, and virtual image types). In the future, newly created stereo matching methods either dedicated to x-ray breast images or expected to be efficient for this type of images can be included into the framework and compared to the aforementioned stereo matching techniques. The error of 3.8% can be partly caused by an inherent error introduced during the manual placement of the matched points during the ground truth generation. It is sometimes difficult to find the exact position of the matching points in the right image, and therefore the manually generated ground truth may not be perfect. If a stereo matching technique performs extremely well, it may provide better stereo matchings than the ground truth, resulting in a non-null error score regarding the performance metric (defined in Sec. 4.3.4). For future development and comparison of new stereo matching techniques, the best stereo matching methods may be used for generating the ground truth in a semiautomatic mode. Then, a visual validation will still be required. Another approach to create a perfect ground truth consists in knowing upfront the matching points, e.g., during the creation of the virtual dataset when the full geometry is known. Unfortunately, we do not have access to the ground truths of the virtual dataset.
Occlusions are reference points for which not a single candidate has been found (i.e., points in the right image for which the costs computed with the reference left point are equals). The number of occlusions is very small (i.e., less than 0.1% of the total number of pixels). This number does not represent the amount of errors, i.e., wrong stereo matching, made by the framework. The amount of errors, i.e., wrong stereo matching, was estimated in Table 1 as being about 3.8% for the LSAD method. The occlusion number means that for one reference point, the framework (almost) always finds one single matching point (i.e., one candidate). This is a limitation of our framework and a potential improvement could be to consider as occlusions the points with poor stereo matching, i.e., reference points for which the cost with their candidates is higher than a dedicated "good matching" threshold.
Finally, as mentioned in Sec. 4.3, the framework can be used not only to compare results of stereo matching methods with a ground truth but also to generate dense disparity maps from the stereo x-ray breast images.
Conclusion
A framework for comparing stereo matching methods with x-ray stereoscopic breast images has been developed. Eight local methods have been evaluated and four of them, i.e., LSAD, ZSAD, ZSSD, and LSSD, appear to perform equally good with an average error score of 0.04. The framework can be used to generate dense disparity maps as well. The multiresolution optimization is used to generate dense disparity maps from stereo x-ray breast images made of more than 16.5 million pixels. Finally, additional stereo matching methods expected to be good candidates regarding x-ray breast image can be included in the framework and compared to the previously tested methods. Table 4 Mean, standard deviation, minimum, and maximum of all the error scores. For the eight local stereo matching methods, the aforementioned data are computed over the three different image types at level 3 of the pyramid, still considering a 13 × 13 convolution kernel and a maximum disparity of 60. For the LBP global method, mean, standard deviation, minimum, and maximum of all the error scores are computed over the three different image types but for an image resolution lower than the resolution of origin. Thus, the maximum disparity is adjusted accordingly, i.e., to 7 (60∕2 3 ). 
